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PURPOSE. To create a multivariable predictive model for glaucoma with early visual field loss
using a combination of spectral-domain optical coherence tomography (SD-OCT) parameters,
and to compare the results with single variable models.
METHODS. Two hundred fifty-three subjects (149 healthy controls and 104 with early
glaucoma) underwent optic disc and macular scanning using SD-OCT in one randomly
selected eye per subject. Sixteen parameters (rim area, cup-to-disc area ratio, vertical cup-to-
disc diameter ratio, average and quadrant RNFL thicknesses, average, minimum, and sectoral
ganglion cell inner-plexiform layer [GCIPL] thicknesses) were collected and submitted to an
exploratory factor analysis (EFA) followed by logistic regression with the backward
elimination variable selection technique. Area under the curve (AUC) of the receiver
operating characteristic (ROC), sensitivity, specificity, Akaike’s information criterion (AIC),
predicted probability, prediction interval length (PIL), and classification rates were used to
determine the performances of the univariable and multivariable models.
RESULTS. The multivariable model had an AUC of 0.995 with 98.6% sensitivity, 96.0%
specificity, and an AIC value of 43.29. Single variable models yielded AUCs of 0.943 to 0.987,
sensitivities of 82.6% to 95.7%, specificities of 88.0% to 94.0%, and AICs of 113.16 to 59.64
(smaller is preferred). The EFA logistic regression model correctly classified 91.67% of cases
with a median PIL of 0.050 in the validation set. Univariable models correctly classified
80.62% to 90.48% of cases with median PILs 1.9 to 3.0 times larger.
CONCLUSIONS. The multivariable model was successful in predicting glaucoma with early visual
field loss and outperformed univariable models in terms of AUC, AIC, PILs, and classification
rates.
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Glaucoma is the second leading cause of blindness in theworld.1 Recent estimates based on meta-analysis of
population-based studies indicate that in 2010 there were
44.7 million people with open-angle glaucoma (OAG) world-
wide and 2.8 million people in the United States.2 These
numbers are projected to reach 58.6 million worldwide2 and
3.4 million in the United States in 2020.3 The current standard
for the diagnosis of glaucoma is based on the presence of
typical structural changes with corresponding functional
deficits. However, studies on early changes in glaucoma have
shown that structural changes indicated by significant loss of
retinal ganglion cells and their axons may precede detection of
functional deficit by currently available standard automated
perimetry (SAP) methods.4,5 In addition, SAP is subject to
fluctuation even in clinically stable glaucoma. Ophthalmoscopy
and optic disc photography traditionally have been used as
primary methods for structural assessment in glaucoma.
However, substantial interobserver variability and low to
medium interobserver agreement in detecting subtle changes
makes ophthalmoscopy or fundus photography alone poor
methods for detecting changes indicative of early glaucoma or
glaucomatous progression.6,7
With the advent and continuous improvement of imaging
devices such as scanning laser ophthalmoscopy (SLO), scanning
laser polarimetry (SLP), and time and spectral-domain optical
coherence tomography (SD-OCT) in recent years, a great deal of
effort has been invested in identifying quantifiable parameters
for objective assessment of structural glaucomatous damage. Of
these devices, SD-OCT has rapidly become one of the most
widely used technologies in daily clinic due to its high image
resolution and measurement precision. The caveat, however, is
that the clinician is presented with an array of quantitative
information to mentally process as part of the diagnosis process.
The multitude of parameters—most of which are highly
correlated and are redundant to some extent—oftentimes
renders the interpretation process difficult, particularly when
structural changes conflict in their results. For instance, optic
nerve head (ONH) parameters may appear normal but RNFL
measurements may appear abnormal. One way of circumventing
this issue would be to use a multivariable model that reduces the
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number of structural parameters provided by the OCT output
into a set of fewer parameters containing the most useful and
relevant information from the original set while also explaining a
majority of variability in the original dataset. Earlier studies have
combined structural parameters measured by one or several of
the devices listed above to assess the glaucoma diagnostic ability
using various methods such as machine learning classifiers,
linear discriminant functions (LDF), and principal component
analysis (PCA).8–12 In addition, three recent studies used linear
discriminant analysis to assess diagnostic ability of combined
structural parameters measured SD-OCT. One of these studies
combined ONH and peripapillary RNFL parameters,13 whereas
the two others used a combination of ONH, peripapillary RNFL,
and ganglion cell of complex (GCC) parameters,14,15 which is
anatomically different from ganglion cell inner-plexiform layer
(GCIPL).16 The purpose of this study was to create a
multivariable predictive model for early glaucoma using a
combination of ONH, peripapillary RNFL, and macular GCIPL
parameters measured with SD-OCT, to determine its sensitivity,
and to compare the results with single variable models.
METHODS
Study Subjects and Database
The data used in this study were those of subjects who
participated in two earlier glaucoma SD-OCT imaging stud-
ies16,17 and one ongoing study, which obtained institutional
review board approval and whose procedures adhered to the
principles of the Declaration of Helsinki for research involving
human subjects. Written informed consent was obtained from
all participants. Subjects were 104 patients with definitive early
glaucoma and 149 normals. This dataset was randomly divided
into a modeling set (2/3 of the original sample) and a validation
set (1/3 of the original sample). It was important to have a
larger sample size for the modeling set since the introduced
method consists of two stages (factor analysis and multiple
logistic regression). The modeling set included 69 early-
glaucoma patients and 100 normals, while the validation set
included 35 early-glaucoma patients and 49 normals. Both
healthy subjects and patients with glaucoma underwent an
eligibility complete ophthalmologic examination that included
measurement of visual acuity, IOP, and refraction, and
biomicroscopy of the anterior segment and dilated fundus
examination. Glaucomatous patients also underwent visual
field testing with a Humphrey Visual Field Analyzer (Carl Zeiss
Meditec, Inc., Dublin, CA) using the Swedish Interactive
Thresholding Algorithm standard program. Criteria for the
diagnosis of glaucoma were typical glaucomatous optic disc
changes with corresponding visual field defects. Optic disc
change was indicated by cup-to-disc ratio (CDR) greater than
0.5 in either eye, CDR asymmetry greater than or equal to 0.2,
or focal thinning of the rim in either eye. A glaucomatous visual
field defect was defined as glaucoma hemifield test outside
normal limits, pattern SD with a P value less than 5%, or a
cluster three points or more in the pattern deviation plot in a
single hemifield (superior or inferior) with a P value of less
than 5%, one of which having a P value of less than 1%. All
participants were excluded based on best-corrected visual
acuity worse than 20/40 in either eye, refraction error outside
the interval 12 to þ8 spherical diopters (D) or worse than 3
cylindrical D, active infection of the anterior or posterior
segment of either eye, previous or current vitreoretinal
diseases or surgery in the study eye, or evidence of diabetic
retinopathy or macular edema on dilated ophthalmoscopic
examination or retinal photograph evaluation. In addition,
glaucoma patients were excluded if the visual field MD was
worse than6 dB. Only one randomly selected eye was tested
for the study from each participant.
OCT Imaging
All subjects underwent Cirrus HD-OCT (Carl Zeiss Meditec, Inc.)
macular (Macular Cube 2003200 protocol) and optic disc (Optic
Disc Cube 2003200 protocol) scans. All scans were visually
reviewed for quality control, and only scans with signal strength
greater than or equal to 6, without RNFL misalignment or
discontinuity, blinking or involuntary saccade artifacts, and an
absence of algorithm segmentation failure on careful visual
inspection were retained for analysis. The macular scan was
used to measure the thickness of the GCIPL, whereas the optic
disc scan served for measuring peripapillary RNFL and optic disc
topography.16,17 Peripapillary RNFL variables considered for
analysis were average and quadrant (superior, nasal, inferior, and
temporal) thicknesses. Ganglion cell inner-plexiform layer
thickness variables included average, minimum (minimum of
the average GCIPL thickness along a given radial spoke in the
elliptical annulus),18 and sectoral (superior, superonasal, infer-
onasal, inferior, inferotemporal, and superotemporal) thickness-
es. Parameters from the ONH analysis included rim area, CDR,
and vertical cup-to-disc diameter ratio (VCDR).
Data Management and Statistical Analysis
Pearson’s correlation coefficient was calculated to explore
pairwise linear relationships between the 16 (5 RNFL, 3 ONH,
and 8 GCIPL) continuous variables used for analysis in this
study, as a preparatory step for factor analysis. Factor analysis
was subsequently performed on the data set of 16 variables
using the method of exploratory factor analysis (EFA) with a
promax rotation to identify latent factors accounting for a large
proportion of the variability seen in the original set of
variables. Use of the oblique promax rotation resulted in an
improved interpretation of latent factors, which are not
uniquely identified. It was preferred over other orthogonal
rotation methods (varimax, equamax, orthomax, quartimax,
and parsimax) in this setting, due to its ability to reduce cross-
loadings, which lead to improved factor interpretations and its
similar performance in the multiple logistic regression models
using a varying number of retained factors. During the EFA,
standardized scoring coefficients are estimated for each factor
and variable combination. A set of coefficients for a chosen
factor serves as a weight for each variable and is multiplied by
each person’s standardized variable response. These weighted
values are then summed to create the estimated factor score for
a person. This process is repeated for each factor and each
person in order to obtain the complete set of estimated factor
scores for each individual.
A logistic regression model with the backward elimination
variable selection technique was then fitted with early
glaucoma as the outcome variable and the estimated latent
factor scores as candidate explanatory variables such that the
probability of glaucoma for an individual is modeled as
logit ProbðGlaucomaÞ½  ¼ b0 þ b1*F1þ . . .þ b5*F5þ b6*F1*F2
þ    þ b15*F4*F5;
ð1Þ
where F1, F2, F3, F4, and F5 are the five estimated factor scores
for an individual in the study (see Results section for more
information on choice of five factors). From the estimated
logistic regression coefficients, predicted probabilities for early
glaucoma status along with 95% prediction intervals were
calculated and submitted to a receiver operating characteristic
(ROC) curve analysis. Cutoff points from the ROC plot were
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used to classify subjects based on predicted probabilities.
Similar logistic regression and ROC curve analyses were carried
out for single variable models and compared to the multivar-
iable analysis. The robustness of the models was validated in a
separate set including 49 healthy subjects and 35 subjects with
early glaucoma. Area under the curve (AUC) of the ROC,
sensitivity, specificity, median 95% prediction interval length
(PIL) of all prediction intervals, Akaike’s information criterion
(AIC), and classification rates were used to determine the
performances of the models. Statistical analysis was performed
with SAS version 9.2 (SAS, Cary, NC), with statistical
significance level set at P less than 0.05.
RESULTS
The mean age in the modeling set was 66.0 6 11.85 years for
patients with glaucoma and 62.8 6 9.47 years for healthy
subjects (P ¼ 0.06). The mean age in the validation set was
67.9 6 12.56 years for patients with glaucoma and 61.7 6
9.56 years for healthy subjects (P ¼ 0.01). Since the groups
differed statistically in terms of age in the validation set, we
controlled for the age of the subjects through use of a
categorical age variable in the logistic regression models. The
categories included, less than or equal to 57, 58 to 64, 65 to 72,
and greater than 72, where approximately 25% of the sample
was contained in each category. Controlling for age had little
effect on the modeling results. The mean visual field MD of
patients with glaucoma was3.19 6 1.69 dB. All 16 structural
parameters significantly differed between subjects with
glaucoma and healthy subjects in both the modeling (all P 
0.001) and the validation set (all P < 0.02).
EFA and Logistic Regression
Table 1 displays the sample correlation matrix produced by the
EFA method, which includes all 16 continuous variables in the
analysis. The estimated scoring coefficients from the EFA












































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Average GCIPL 3.31 0.23 0.32 0.62 0.71
Minimum GCIPL 0.07 0.02 0.01 0.04 0.04
Superotemporal GCIPL 0.37 0.05 0.08 0.06 0.01
Superior GCIPL 0.48 0.07 0.10 0.15 0.09
Superonasal GCIPL 0.36 0.04 0.16 0.09 0.04
Inferonasal GCIPL 0.42 0.03 0.11 0.22 0.21
Inferior GCIPL 0.36 0.02 0.24 0.42 0.35
Inferotemporal GCIPL 0.45 0.13 0.33 0.49 0.38
Average RNFL 0.46 0.06 1.29 3.20 3.81
Temporal RNFL 0.15 0.02 0.27 0.00 0.95
Superior RNFL 0.27 0.02 0.11 0.85 1.18
Nasal RNFL 0.10 0.01 0.23 0.61 0.06
Inferior RNFL 0.27 0.04 0.05 1.41 1.66
Rim Area 0.00 0.03 0.00 0.01 0.00
CDR 0.05 0.61 0.13 0.08 0.12
VCDR 0.04 0.35 0.19 0.10 0.12
To calculate factor #j for an individual, we multiply the individual’s
original variables (standardized) by the scoring coefficients for factor
#j and sum each of the components. For example, factor #1¼ average
GCIPL*(3.31) þ minimum GCIPL*(0.07) þ . . . þ CDR*(0.05) þ
VCDR*(0.04). The estimated factor scores are then entered into the
multiple logistic regression model and results are presented in Table 3.
Note that only the first three factors are retained after implementing
the backward elimination variable selection technique.
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2. Exploratory factor analysis with promax rotation identified
five latent factors, which explained a large proportion of the
variability seen in the original set of 16 variables (Table 3). We
note that using the oblique promax rotation results in factor
loadings that are no longer correlation coefficients, but instead
represent regression coefficients that are not confined
between 1 and 1.19 The choice to retain five factors was
made based on the scree plot of eigenvalues and analysis of
accounted for variance. The scree plot is shown in Figures 1
and 2, the proportion of accounted for variance for each factor
is displayed along with the cumulative proportions. The factor
loadings, which reflect on the relative weights of the variable
in the component, indicated that factor #1 was dominated by
all GCIPL variables, factor #2 by all three ONH parameters,
factor #3 by average, superior, and inferior quadrant RNFL,
factor #4 by temporal RNFL, and factor #5 by nasal RNFL.
Factors #1 and #3 through #5 each weighted positively on their
respective variables while factor #2 had positive loadings for
CDR and VCDR but a negative loading on rim area. This
indicates that factor #2 represents the contrast between CDR/
VCDR and rim area. The cutoff point of 0.43 used in Table 3 is
based on simulation studies carried out by Hair et al.,20 which
considered sample size, a power level of 0.80, and level of
significance of 0.05. These five factors combined accounted for
94.18% of the variability seen in the original set of 16 variables,
greatly reducing the number of variables in the multiple
logistic regression analysis while maintaining a majority of the
available information. The results of logistic regression with
backward elimination in the modeling set that included early
glaucoma status as the dependent variable and these five
estimated factor scores as predictors (along with their first
order interactions), calculated for each subject, identified
factor #1, factor #2, and factor #3 (Table 4) as statistically
significant predictors of glaucoma, with an AIC of 43.29 (Table
5). The results in Table 3 indicate that an increase in an
individual’s score for factor #2 leads to an increase in the
probability of glaucoma, implying that as the difference
between of CDR/VCDR and rim area measurements increases,
the probability of glaucoma increases. Also, the results confirm
that as the GCIPL and RNFL factor scores increase, the
probability of glaucoma decreases.
Table 5 shows that the AUC and sensitivity at fixed levels of
specificity of the multivariable model was slightly higher than
corresponding values of the best three single variables, while
the AIC significantly improved from 113.16 to 59.64 to 43.29 in
the univariable and multivariable models, respectively. Differ-
ences of four or more in AIC indicate that the lower valued
model is preferred.21 The AUC value for the multivariable
model is also shown to be significantly larger than each of the
single variable models at the 0.10 level of significance. The
results are based on a nonparametric statistical test, which
compares the areas under correlated ROC curves and is
available in SAS version 9.2.22 Figure 3 displays the ROC curves
for all of the considered models in the analysis of the modeling
set.












Average GCIPL 0.892* 0.006 0.104 0.070 0.021
Minimum GCIPL 0.867* 0.127 0.086 0.052 0.052
Superotemporal GCIPL 0.786* 0.063 0.062 0.232 0.097
Superior GCIPL 0.817* 0.007 0.105 0.256 0.140
Superonasal GCIPL 0.906* 0.077 0.152 0.212 0.144
Inferonasal GCIPL 0.877* 0.044 0.138 0.002 0.039
Inferior GCIPL 0.808* 0.021 0.328 0.140 0.128
Inferotemporal GCIPL 0.682* 0.085 0.413 0.160 0.102
Average RNFL 0.079 0.034 0.695* 0.294 0.211
Temporal RNFL 0.132 0.101 0.216 0.824* 0.352
Superior RNFL 0.062 0.047 0.647* 0.328 0.208
Nasal RNFL 0.044 0.051 0.154 0.297 0.963*
Inferior RNFL 0.045 0.038 0.856* 0.074 0.055
Rim area 0.122 0.439* 0.368 0.066 0.103
CDR 0.000 1.004* 0.053 0.033 0.031
VCDR 0.003 0.951* 0.035 0.037 0.002
* Denote loaded factors (>0.43 or <–0.43).
FIGURE 1. Scree plot of eigenvalues from the exploratory factor
analysis.
FIGURE 2. Proportion of variance explained by each identified factor
with cumulative proportions.
TABLE 4. Variable Selection by Logistic Regression With Backward
Elimination for the Modeling Set*
Variables Estimate P
Intercept 2.410 0.0075
Factor 1: all GCIPL 2.685 0.0116
Factor 2: all ONH 7.307 0.0036
Factor 3: RNFL subset 3.344 0.0044
* Performed after controlling for age of the subjects.
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The multivariable model applied in a blinded manner to a
separate set of healthy subjects and subjects with early
glaucoma (validation set) produced another significant dis-
criminant function that correctly classified 91.67%, compared
with 80.95% to 90.48% for single variables (Table 5). The
multivariable PILs were 1.9 to 3.0 times narrower on average
than those of single variable models, indicating that it would be
easier to predict the status of a subject using the multivariable
rather than the univariable model by correctly characterizing
the uncertainty associated with the predictions.
DISCUSSION
In this paper, a classification method for early glaucoma was
developed based on EFA followed by logistic regression of
constructed glaucomatous structural parameters measured
with SD-OCT. This study was designed on the assumption that
a method combining structural parameters from ONH, RNFL,
and GCIPL may improve the discrimination between eyes with
early glaucoma and healthy eyes. With the availability of
various imaging devices that provide quantitative evaluation of
structural parameters, the number of parameters has increased
significantly, making the interpretation more difficult. The
multivariate analysis described herein produced a better
predictive model than the univariable analysis. The multivar-
iate analysis was achieved by combining OCT structural
parameters in a weighted manner that was dictated by the
data rather than an arbitrary combination. This weighting was
done through two sequential methods: (1) EFA, which
combined the OCT ONH, RNFL, and GCIPL measures into
factor scores that represented a variable’s performance more
parsimoniously and with greater interpretability, and (2)
multiple logistic regression modeling, which selected and
weighted the factor scores with the greatest power to
differentiate patients with early glaucoma from healthy
subjects. Our results confirmed that the OCT measures are
sensitive to group differences between early-stage glaucoma
and normal state.
Significant effort has been invested in reducing the number
of parameters through combinations that will increase
glaucoma diagnostic accuracy. In this perspective, studies have
used combination of parameters obtained with different
devices (i.e., SLO and SLP or SLO and OCT)8,11,12 or parameters
derived from one device (i.e., SLO or OCT).10,14,23–26 Badala et
al.8 used a classification and regression tree analysis (CART) to
compare early glaucoma diagnostic performance of individual
parameters with time domain OCT, SLP, SLO, and qualitative
assessment of optic disc photographs and their combinations.
No significant difference was found between individual best
parameters from the four methods, but the combination of
time domain OCT average RNFL thickness and SLO-based CDR
resulted in a good diagnostic precision (93%), sensitivity (91%),
and specificity (96%). The ability of SLP and SLO parameters to
discriminate between healthy and glaucomatous eyes was also
investigated by Magacho et al.11 using multivariate discriminant
formulas for each device individually and for both devices
combined. The combination of parameters resulted in higher
sensitivity, specificity, and accuracy compared with individual
parameters on each device. Similarly, combining parameters of
both devices achieved higher performances compared with
combination of parameters of either device.
Using the or-Logic combination of criteria from SLO and SLP,
Toth et al.12 reported that combining various SLP criteria
improved the accuracy and positive likelihood ratio (PLR) for
early glaucoma. No improvement was observed following
combination of SLO-based criteria alone; however, combining
the best SLP and SLO criteria increased the PLR compared with
TABLE 5. Discriminating Ability of the Multivariable and Single Variable Analyses in Modeling Set and Proportion of Subjects Correctly Classified
(%CC) and Median Length of Prediction Intervals (MPLI) in the Validation Set (Controlling for Age of the Subjects)
Variables AUC (95% CI) Sensitivity (90% Spec) Sensitivity (95% Spec) AIC %CC MLPI
Modeling set
EFA GLM 0.995 (0.989, 1.000) 100.0 98.6 (87.8, 99.8) 43.29 - -
VCDR 0.987 (0.976, 0.998)* 97.1 (87.0, 99.4) 89.9 (74.2, 96.5) 59.64 - -
Inferior RNFL 0.943 (0.908, 0.979)† 82.6 (66.7, 91.8) 79.7 (60.8, 90.9) 108.37 - -
Minimum GCIPL 0.958 (0.930, 0.987)† 85.5 (70.4, 93.6) 78.3 (59.0, 90.0) 113.16 - -
Validation set
EFA GLM 0.974 (0.948, 1.000) 91.4 (70.0, 98.0) 88.6 (62.5, 97.3) 43.43 91.67 0.050
VCDR 0.969 (0.938, 1.000) 91.4 (70.0, 98.0) 88.6 (62.5, 97.3) 41.90 90.48 0.095
Inferior RNFL 0.929 (0.877, 0.981)* 74.3 (48.8, 89.7) 65.7 (36.8, 86.3) 60.32 85.71 0.130
Minimum GCIPL 0.862 (0.780, 0.945)† 60.0 (35.0, 80.7) 51.4 (25.0, 77.0) 86.02 80.95 0.152
* Indicates that the AUC is significantly different from the EFA GLM AUC at the 0.1 level of significance.
† Indicates that the AUC is significantly different from the EFA GLM AUC at the 0.05 level of significance.
FIGURE 3. Receiver operating characteristic curves for all considered
univariable and multivariable logistic regression models using the
modeling set (controlling for age of the subjects).
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combinations of SLO criteria alone, but decreased the PLR of
SLP combination criteria. The or-Logic combination approach
was also investigated by Budenz et al.23 and in the Advanced
Imaging Glaucoma Study (AIGS)25 using time domain OCT-
derived RNFL criteria. In the former study, the combination of
one or more abnormal quadrants or clock hours and abnormal
average RNFL at less than 5% level provided the best sensitivity
for the diagnosis of glaucoma. However, AUCs for those
combinations were not provided so that it was unclear what
the best combinations were. In the latter study, the combina-
tion of average, inferior, and superior quadrant RNFL yielded an
AUC of 0.92 compared with best single parameter (0.89). In a
subsequent investigation, the AIGS26 evaluated the perfor-
mance of the or-Logic combination, support vector machine,
relevance vector machine, and LDF methods using time
domain OCT ONH, RNFL, and macular variables. The AUCs
of the combination of the best three RNFL variables (inferior
quadrant, overall average, and superior quadrant RNFL) with
the best three ONH variables (horizontal integrated rim width,
vertical integrated rim area, and VCDR) were similar (0.943–
0.954), but greater than those of the overall best single
parameter. However, in both AGISs, the study populations
included all severity stages of glaucoma and no separate
analysis was performed or provided for early glaucoma.
Medeiros et al.9 also showed that the PCA followed by LDF
combining time domain OCT average, RNFL at 7 o’clock, and
RNFL at 11 o’clock with VCDR achieved a significantly larger
AUC of 0.97 than that 0.91 for best single parameter.
Other studies have assessed the diagnostic performance
SLO-based optic disc parameters individually and in combina-
tion oftentimes using pre-established LDF or machine learning
classifiers. One of these studies compared the diagnostic
performances of three LDFs (Bathija’s,27 Mikelberg’s,28 and
Burk’s29) and the Moorfields Regression Analysis. At fixed
specificity of 95%, these four methods had comparable low
sensitivities that did not exceed 60%.10 In another study the
LDF from stepwise linear regression of SLO optic disc
parameters had a sensitivity of 74.2% compared with SLO
built-in LDFs (70.4% for Mikelberg’s and 67.6% for Burk’s) at
fixed specificity of 85%.30 The study by Iester et al.31 compared
the ability for early detection of glaucomatous optic disc by five
formulas: Bathija’s,27 Mikelberg’s,28 Mardin’s,32 the sector-
based LDF by Iester et al.,33 and the CSLO-based cup shape
measure. The optic disc sector-based LDF outperformed the
other formulas, with single cup shape measure having the
lowest performance. The same formulas, except Mardin’s,
were used in a subsequent study by the same investigators to
compare their ability to detect glaucomatous visual field
defects.24 The results confirmed their previous finding that
the optic disc-based sector LDF and the cup shape measure
were the best and worst formulas, respectively.31 Because SLO-
based LDFs rely on manual outlining of the optic disc contour,
these methods are likely to be affected by the interobserver
variability.
Unlike earlier studies that used SLO, SPL, and time-domain
OCT, two recent studies have reported on the diagnostic
performance of combined ONH, peripapillary RNFL, GCC
parameters measured with SD-OCT (RTVue-100; Optovue,
Fremont, CA). Vertical cup-to-disc diameter ratio, average RNFL
thickness, and average GCC thickness area provided the best
AUCs for discriminating between healthy subjects and subjects
with perimetric glaucoma,14 or for discriminating between
glaucoma suspects and subjects with definite glaucoma.15 The
combination of parameters resulted in increased diagnostic
performance in both studies, but the resulting LDFs did not
include any of the ganglion cell layer variables. Anatomically,
the GCC is made of the RNFL and ganglion cell layer, and the
inner plexiform layer. Thus, combining GCC and RNFL
parameters is somewhat flawed because the GCC already
contains the RNFL, and it is not clear how this may have
affected the linear discriminant analysis. Combination of Cirrus
HD-OCT (Carl Zeiss Meditec, Inc.) structural parameters was
recently shown to enhance significantly discrimination be-
tween healthy subjects and subjects with mild glaucoma using
both linear discriminant analysis and CART.13 However, this
study did not include the GCIPL in the combination. As we are
finalizing this paper, we are not aware of another study that
assessed the diagnostic ability of combined ONH, RNFL, and
GCIPL parameters.
With regard to study populations, our study only included
patients with early glaucoma because it is oftentimes hard to
distinguish early stages of the disease and normal state. This
may be a limitation of this study. Indeed, using a group of
patients at all stages of disease severity in the development of
the underlying structure would tend to avoid restricting the
range in the test measures and therefore attenuating correla-
tions among variables that can result in falsely low estimates of
factor loadings.34 In contrast to our study, most previous
studies9–12,23–26,30,31 included patients with all spectra of
glaucoma severity, but did not provide the diagnostic
performance for early glaucoma. Because the performance of
glaucoma diagnostic devices is often dependent on disease
severity, the glaucoma performances reported in those studies
would have been lower if the analysis was restricted to early
glaucoma. Our study also differs from two of the earlier
studies9,35 in that EFA rather than PCA was performed prior to
logistic regression. Principal component analysis is only a data
reduction method and it is computed without regard to any
underlying structure influenced by latent variables. In addition,
in PCA, components are calculated using all of the variance of
the manifest variables, so that the whole variance appears in
the solution. Principal component analysis does not discrim-
inate between shared and unique variance.36 On the contrary,
EFA reveals latent variables that possibly cause the manifest
variables to covary. During factor extraction the shared
variance of a variable is partitioned from its unique variance
and error variance to reveal the underlying factor structure;
only shared variance appears in the solution. If the factors are
uncorrelated and communalities are moderate, it tends to
overestimate values of variance accounted for by the compo-
nents. Since EFA only considers shared variance, it should yield
similar results while also avoiding the inflation of estimates of
variance accounted for.37,38 The diagnostic method used in this
study, namely sequentially combining EFA and logistic regres-
sion modeling, benefited from several advantages. First, the use
of EFA reorganizes a large amount of data into a more
parsimonious set of component scores. Because each EFA
component groups together correlated test measures, the
component scores more directly gauge a variable’s perfor-
mance with regard to glaucoma status. Second, because the
component structure was created from the data of both
glaucoma and control subjects, the component structure
reflects the structural differences between the two groups as
well as the differences among subjects within each group.
Third, the discriminant function weights the components in
terms of their contributions to discriminating patients with
early glaucoma from controls and then classifies each
individual with high accuracy, sensitivity, and specificity.
Fourth, our method went beyond simple calculation of AUC,
sensitivity and specificity by providing AIC, and most
importantly the predicted probability of early glaucoma for
an individual along with a 95% prediction interval, which
might prove extremely useful and may influence the physi-
cian’s decision to initiate treatment. Despite only slight
increase in AUC, the AIC and PIL of the multivariable model
were significantly lower than those of the three best single
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parameters (Table 5), indicating that our multivariable predic-
tive model performed better and was more accurate than
univariable models both at detecting the disease and differen-
tiating between affected and unaffected individuals. An
additional difference to consider is that most prior studies
did not validate their discriminant functions in separate set of
subjects. Validation is important because it ensures that the
proposed model is robust to the subjects included in the
analysis and will be useful for analyzing future datasets. Fifth,
both the modeling and validation sets were drawn from the
same sample selected with same inclusion and exclusion
criteria. It is unclear whether this affected the performance of
the model. Not having performed visual field in healthy
subjects may be another methodological limitation of this
study. Indeed, relying on IOP measurement and the ophthal-
moscopic appearance of the optic disc as assessed by
fellowship-trained glaucoma subspecialists may not have been
sufficient to confidently exclude all subjects with glaucoma
among normals. This is particularly true in subjects with early
stages of glaucoma where functional deficits may precede
detectable structural changes. Whether some glaucoma pa-
tients were missed among healthy subjects and whether this
may have affected our results in a significant manner is
unknown. On the other hand, the diagnostic performance of
our model may have been inflated to some extent as a result of
studying two clinically well-defined populations, namely non-
glaucomatous and glaucomatous subjects. Therefore, it will be
interesting to evaluate the diagnostic performance of this
model in subjects suspected of having glaucoma. Doing so will
both comply with the general principle that a diagnostic test is
useful if it can decrease or eliminate the uncertainty with
respect to the diagnosis (i.e., in glaucoma suspects) or to the
disease stage and determine the ‘‘true’’ diagnostic performance
of this model.
In conclusion, we have shown that the model based on the
sequential partnering of EFA and multiple logistic regression of
SD-OCT structural parameters produced good results in the
modeling and the validation sets. This model was successful in
predicting early glaucoma status and outperformed univariable
models in terms AIC, median PILs, and classification rates. The
classification method based on EFA of structural parameters
developed in this paper is a robust and powerful method for
the diagnosis of early glaucoma. It may become a valuable part
of the toolbox of discriminatory analysis.
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